ABSTRACT In recent years, the Chinese government is making great efforts to develop electric vehicle (EV) technologies to reduce carbon emissions and to protect the environment. A large number of EVs and facilities, such as charging stations (CSs), battery swapping stations (BSSs), and central charging stations (CCSs), have been deployed. However, a huge number of EVs connecting into the power grid may cause problems, such as voltage fluctuation etc. Meanwhile, the peak demand for charging will also lead to an increase in the cost of deployment of charging infrastructure. A price-based demand response (DR) program can be used to achieve goals, such as cost savings and reduction of the peak demand for charging. But to maximize the charging service capacity while minimizing the total cost is a challenging task as it is usually a tripartite game between the government, EV owners, and EV battery service providers. We considered it as a multi-objective optimization problem. First, a battery-swapping cost model is designed to describe the objective problem. It includes a battery demand model, a DR-based subsidy cost model and a charging cost model. Then, we leverage a covariance matrix adaption evolution strategy (CMAES)-based algorithm to deal with the multi-objective high dimension optimization problem and achieve the goal of maximizing the charging service capacity while minimizing the total cost. The experimental results confirm that the peak demand for battery swapping service can be reduced effectively and the total cost can be reduced by nearly 12% with our optimized subsidy strategy. Furthermore, the standard deviation evaluation results confirm the stability and the effectiveness of the proposed algorithm.
I. INTRODUCTION
In response to energy shortages and environmental pollution, the demand for low-carbon, clean and efficient energy is increasing. Electric vehicles (EVs) use electricity instead of traditional fuels which has been widely used and deployed in recent years. Especially in China, the government is making efforts to deploy EVs in taxis, buses, and other public transport fields. Most of these EVs will be connected to the power grid for charging. However, a huge number of EVs connecting into the power grid will affect the gird node, causing the voltage to be unstable. Moreover, the randomness The associate editor coordinating the review of this manuscript and approving it for publication was Giovanni Angiulli. and uncertainty of the charging load will also make the reconstruction of distribution network more difficult [1] - [5] . For these reasons, suitable charging strategies of EVs are needed to avoid peak load and make the power grid more stable and effective.
Take China for example, electricity cannot be freely traded at present and the prices are set by the government. The government hopes to encourage power consumers to adjust their electricity demand to avoid peak demand by using subsidy strategy. Their expectation is to use as little subsidy cost as possible to achieve that goal. Meanwhile, for EV battery service providers, the goal is to maximize the charging service capacity while minimizing the total cost. It is usually a tripartite game between the government, EV owners and EV battery service providers. In smart grid, Demand Side Management (DSM) is able to play an active role in the energy management task to balance demand and supply [6] - [9] . In particular, a well-designed price-based demand response (DR) program can motivate consumers towards modifying their controllable demands to off-peak periods and addressing objectives such as cost savings and peak load reduction [10] , [11] .
Researchers have carried several studies in recent years concerning about DR framework and its applications in smart grid. H. Amini made a comprehensive survey of the available methods to model the DR programs in [12] . Yousefi et al. [13] proposed a model of customers' response to the optimized real time prices. Conejo et al. [14] proposed an optimization model to adjust the hourly load level of a given consumer in response to hourly electricity prices. Especially, in EV charging scenarios, demand response programs may also affect the behavior of electric vehicle drivers. For example, different pricing strategies can considerably affect the behavior of drivers [15] . The outstanding work includes, Amini et al. [16] modeled the effect of electricity price on the electric vehicle owner's behavior and proposed a multi-agent framework to achieve a peak reduction-based load management strategy in smart power distribution networks [17] . Behrens et al. [18] utilized a multi-objective strategy for solving the DR objective. In paper [19] Rassaei evaluates the unsupervised charging of plug-in electric vehicles (PEVs). They also proposed a distributed DR technique and evaluated for residential vehicle-to-grid (V2G)-enabled PEVs during their random connection times to the power grid in [20] . Reference [21] proposed a centralized charging strategy and scheduling algorithm for electric vehicles under a battery swapping scenario. Reference [22] adopted a genetic algorithm (GA) to reduce the fluctuations of Plug-in hybrid electric vehicle (PHEV) charging loads, based on the probabilistic analysis of their charging behaviors. Deilami et al. [23] mainly focuses on minimize charging costs for EVs. In [24] Shinde used a Stackelberg game-based approach for demand response calculations for vehicle charging. Other studies and investigation about the role of electric vehicles in demand response applications are listed in [25] - [35] . This paper focuses on investigating and studying the EV development situation, travel distribution pattern and users' response to government subsidy policies in China. Based on these, use evolutionary strategies to solve the multi-objective optimization problem of balancing needs of government, EV battery service providers and EV users. Finally, achieve the goal of maximizing the charging service capacity while minimizing the total cost. The main contribution of this paper are as follows:
1) This paper analyses the daily travel pattern of residents of large cities such as Shanghai and a battery demand model of EVs is designed. 2) Based on the investigation of rules of electricity consumers' response to subsidy policies in China, a DR model and the corresponding subsidy cost model is designed. 3) According to the investigation and analysis of doublesystem electricity price strategy adopted by many cities (such as Shanghai) in China, a charging cost model is also designed. Based on the three models mentioned above, a total cost model is proposed. 4) Finally, a covariance matrix-based evolution strategy is adopted to reduce the peak load of battery swapping service, achieving the goal of maximize the charging service capacity while minimizing the total cost. The rest of this paper is organized as follows: Section II analyses the daily travel pattern of residents of Shanghai and designed a distributed battery demand model for EVs. Then, presents the cost model of EV battery swapping service include battery charging cost model, battery renting cost model and subsidy cost model. Section III presents the Covariance Matrix Adaption Evolution Strategy (CMAES) based algorithm to achieve the goal of maximize the charging service capacity while minimizing the total cost. In Section IV simulation results are provided to evaluate the performance of the proposed algorithm. Section V concludes the paper.
II. SYSTEM MODEL
Currently, there are two primary schemes of EV charging mode, i.e., the plug-in mode and the battery-swapping mode. In Plug-in mode, users need to keep the charging cable to be connect between EV and the charging station during the charging process. That means EV owners must hope the charging process to be as quickly as possible which requires fast charging stations to be deployed. Meanwhile, battery-swapping mode does not need to wait for the charging process. EV owners can directly replace their exhausted battery with a full-charged one at any Battery Swap Station (BSS) [36] . Many countries have started BSS construction projects, including China [37] . Following the regulatory trends, especially in Europe [38] , China has carried out several BSS pilot projects in recent years [39] . This paper mainly focuses on and discuss the battery-swapping mode scenarios of EVs in China.
A. ENERGY DEMAND MODEL
As one of the international EV demonstration zones, Shanghai can be regarded as the typical research object of battery swapping mode. Reference [40] studies the percentage diurnal distribution of car-trips in Beijing, which can also be used to determine the energy demand of battery swapping service in Shanghai. Figure 1 shows the distribution of departure time of private cars in Beijing. The data comes from the Beijing traffic development annual report [41] released by Beijing Transportation Institute. According to the report, the average number of car-trip is about 4.38 per day in 2018.
In addition, by 2020, the number of new private electric vehicles in Shanghai is expected to be 17,2000 [42] . [43] concludes that the distribution of trip-distance of private cars in the city meets the Rayleigh Distribution, which can be denoted as follow.
where 1/σ 2 can be set between 0.040∼0.076 for megalopolis such as Shanghai. The average driving distance for each trip which is the mathematical expectation of equation (1) can be calculated by equation (2).
As we know, when the state-of-charge (SOC) is less than a certain threshold, in order to ensure not to affect the following trip, EV owners may consider going to BSS for battery swapping service. We call this threshold the power margin. In this paper, the value of power margin is assumed to be 45% * Q total , where Q total is the total battery capacity of an EV. We choose a 70kWh battery, because it can provide a 210km cruising range from full power to 45% which can meet the requirements of daily use. The time distribution of battery swapping service demands can be calculated by equation (3) .
where f trip (t) represents the time distribution of traveling cars which is shown in Figure 1 , f distance (d) is the time distribution of trip-distance which is denoted in equation (1), µ(d) is the mathematical expectation of f car (d) which can be calculated by equation (2) and Num car represents the number of new private electric vehicles in Shanghai.
Based on the discussion above and equation (3), we use the Monte Carlo Statistical Method (MCSM) [44] to simulate the time distribution of swapping service demand which is shown in Table 1 .
B. COST MODEL
This section mainly studies operational cost of the Battery Swapping Station (BSS).
The process of the battery swapping service can be divided into two parts. First, the transport van loaded with fullcharged batteries travels between the Central Charging Station (CCS) and each BSS every hour, replacing the low-power batteries with full-charged ones, and carry the low-power ones back. Then, CCS will set the strategy for battery charging process. Since this article focuses on the effectiveness of demand-side management of battery swapping service for electric vehicles, we assume that the batteries will get charged as soon as they reach the CCS. A spare battery pool is needed to store backup batteries. When the number of batteries exceeds the demand, the surplus ones will be move into the spare battery pool. When the number of batteries in the CCS can't meet the expected demand, the backup ones will be used. Figure 2 shows the main workflow of the battery swapping service.
In consideration of the large amount of battery costs, charging suppliers will choose renting batteries from battery factory instead of buying them. Thus, operation cost of swapping service is mainly composed of three parts: 1) cost of battery charging, 2) cost of battery renting and 3) cost of subsidy to EV users.
1) BATTERY CHARGING COST
According to Shanghai's double-system electricity price for billing, which means the total charging cost will be divided into two parts, the basic price and a consumption price. The basic price is determined by a contract with government power supply department based on the transformer capacity or the maximum demand of the power. The price is based on the power consumption. The details of charging cost are shown in Table 2 .
The cost of charging can be calculated as follows.
The first part of this equation represents the consumption price, which refers to the real-time consumption of the electricity, p(t) is the unit-price in time t, e(t) is the electricity demand of each time. As mentioned in part A, S(t) is the demand of the batteries at a certain time and Q total is the capacity of each battery. The second part of the equation represents the basic price, where k is the maximum demand parameter, which equals 40.5 based on Table 2 .
2) BATTERY RENTING COST
When battery swapping services providers choose to rent batteries instead of buying them, a large amount of early-stage investment can be saved. However, they also must pay for renting batteries. The cost is proportional to the number of batteries they rent. Thus, to reduce the cost of battery renting, they need to rent as few batteries as possible.
As mentioned above, there are a full-charged battery pool and a spare battery pool to store the available batteries. We called them redundant battery pool. The number of redundant batteries can be denoted as follows.
where N full (t) represents the number of charged batteries in time period t and N swap (t) represents the demand for battery swapping. Thus, the cost of renting batteries can be calculated as follows.
where α represents the unit-price of battery renting, N charging (t) is the number of batteries in charge. It can be represented by the demand of battery swapping service S(t), if batteries can get charged as soon as they reach the CCS which has been discussed in part A. N red (t) represents the number of redundant batteries. N EV is the number of EVs, assuming there is only one battery on each car.
3) SUBSIDY COST
According to the discussion above, we can conclude that the cost for renting batteries is determined by its maximum demand within a day. Therefore, optimizing the distribution of battery demand can reduce the battery rental and charging costs. We consider giving EV users some discounts or subsidies in some certain period to achieve this. We use subsidy(t) to represent the subsidy for each time (1 hour) during a day (24 hours). Assuming the unit price for each time period is price(t), according to the research in [45] , the increase in subsidy(t) will lead to the increase of the probability of battery demand D t and it can be calculated by (9), (10) and (11) . Because the total demand of battery swapping service is constant, the rise of battery demand in a certain period of time will lead to a decrease in other time periods.
ϕ (x) = 0.331945 · (1 − x)
1.450242
where
It is easy to know that the cost of subsidy can be calculated as follows.
where subsidy(t) represents the subsidy of each time period, and D(t) is the updated time distribution of battery swapping service demand.
4) TOTAL COST
The total cost for battery swapping service can be expressed in three parts, which is the charging cost, the rental cost and the subsidy cost. It is easy to write cost function as follows.
C total = C charging + C rent + C sub_swap (13) Take the example which has been mentioned above, and based on the discussion in part 2 and 3, it is easy to calculate the C charging , C rent , and C sub_swap by equation (4), (8) and (12) .
We use an example to illustrate that adjusting the time distribution of battery charging demand appropriately can reduce the total cost of battery swapping services. First, as mentioned in part A, we can get the time distribution of swapping service demand which is shown in Table 1 . Assuming that a subsidy strategy is used as follows.
Obviously, it will increase the battery demand in time period 1∼6, 9∼16 and 18∼24, on the other hand, it will lead the reduction of battery demand in time period 7, 8 and 17. Thus, we can calculate the new demand of battery swapping services in each time period D t by formula (9), (10) and (11) which is shown in Table 4 and Figure 3 .
As we can see, the sudden increase in electricity demand during rush hours (such as 6:00∼7:00 am and 17:00∼18:00 pm) will lead to an increase in the total cost. After implementing a subsidy strategy (Table 4) , the demand of battery swapping service during rush hours can be reduced, and the total cost will be reduced to 521,570 RMB. Compared with the non-subsidy strategy, the cost can be saved by 15,390 RMB per day. Therefore, an appropriate subsidy strategy can effectively reduce the total cost of battery swapping service. 
III. OPTIMIZE SUBSIDY STRATEGY
As discussed above, our goal is to minimize the total cost C total by optimizing the distribution of battery swapping service demand D(t) . If we consider the whole-day distribution (24 hours) as a 24-dimensional vector x, our aim is to minimize the cost function f (x). As it is a high dimension and non-linear model which is difficult for traditional optimization methods, this paper leverages the covariance matrix adaption evolution strategy (CMAES) based on the idea of original genetic algorithm to optimize the subsidy strategy for charging service of electric vehicles.
The main idea of CMAES is to use covariance matrix to represent the distribution of population mutation and move the population towards the target and converge to Pareto Frontier (PF) by adjusting the covariance matrix adaptively. The main process composes 4 steps as below, and the corresponding flow chart is shown in Figure 4 .
Step1 (Initialization): Set the population and offspring size λ = 500, the parents population size µ = λ/2 = 250, the weight of reorganization ω i=1,2,···µ can be calculated as follows.
the adaptive adjustment constants (c σ , d σ , c c , c 1 , c µ ) can be set as (0.20, 2.21, 0.8 × 10 −2 , 0.1 × 10 −4 , 0.1 × 10 −2 ) according to the suggestions of [38] and the scenario of this paper. The maximum number of iterations G = 300. Set the initial distribution mean value m (0) = 0, the initial step size σ (0) = 0.5, the initial evolutionary path p
∈ R n×n (n is the dimension of the problem), and the initial generation g = 0.
Step2 (Reproduction): Generate new individuals by sampling as follow.
is the kth individual of generation g+1, m (g) is the mean value of the distribution of the gth generation, σ (g) is the step size of the gth generation and C (g) is the distribution covariance matrix of the gth generation.
Step3 (Optimize and reorganization): The mean value of the distribution of the next generation (g+1) can be obtained from the weighted average of sampling points as follows.
where µ < λ is the number of selected solution individuals and w 1...µ ∈ R > 0 is the weight of each solution. x 
is the weight influence factor and σ (g) is the step value which can be calculated by equation (10) .
in which d σ is the damping coefficient, c σ ≤ 1 is the emulate rate, E( N (0, I ) ) represents the expected length of the normalized evolutionary path. Then, the covariance matrix C (g) can be updated as follow.
where c cov ≤ 1 is the emulate rate of matrix, µ cov ≥ 1 is the influence factor. C (g+1) µ express the relationship between individuals of the gth generation and the (g+1)th generation which can be calculated as follow.
IV. EXPERIMENTS
To evaluate the performance of the proposed algorithm. We set subsidy strategy to 0 to get the baseline of the total cost (536,960 RMB) which is represented by the original line (in green) in Figure 6 . Then, we compare it with the Genetic Algorithms (GA) algorithm. CMAES and GA are both heuristic algorithms based on simulating natural selection and natural genetic mechanism in biological world. It is often used to solve discrete and complex nonlinear problems which are difficult to solve in traditional optimization problems. The main process of GA is shown in Figure 5 . In both algorithms, the population number is set to 500, and the upper limit of iteration number is set to 1000.
A. ALGORITHM CONVERGENCE
In order to evaluate the convergence of the algorithm, we study the required number of iterations to converge. As we can see in Figure 6 , the CMAES based method converges after 100 iterations, which is much earlier than GA algorithm.
B. TOTAL COST COMPARISON
In order to compare the final cost of the two algorithms in more detail, we repeated the experiment 30 times under the same parameter settings. The final result is shown in Table 5 and Figure 7 . As we can see, the total cost obtained by the CMAES based strategy method is lower than that of GA algorithm. As can be seen from Table 5 , the subsidy strategy (whether based on the GA algorithm or the CMAES algorithm) can reduce the total cost by an average of about 12%. In most cases, the total cost of the subsidy strategy using the CMAES VOLUME 7, 2019 based algorithm is lower than the strategy using the GA based algorithm. This shows that the strategy based on CMAES works better. At the same time, it can be found that the CMAES algorithm can reduce the cost to 472,711 RMB at most, but the strategy obtained by GA based algorithm can only reduce the total cost to 472,799 RMB.
The subsidy strategy of 24 hours is shown in Table 6 , and the distribution of electricity demand after the implementation of the subsidy is shown in Figure 8 . The results confirm that the peak demand of battery swapping service can be reduced effectively.
Furthermore, we use standard deviation to evaluate the volatility of the effect of the strategies. The standard deviation of the strategy based on the CMAES algorithm is 547.47, while the standard deviation of using the GA algorithm is 1712.22, which is 3.1 times that of CMAES. The results confirm that the volatility of the effect of the CMAES strategy is smaller than the GA-based strategy. 
C. COMPUTATIONAL COMPLEXITY ANALYSIS
Furthermore, the computational complexity of CMAES based algorithm proposed in this paper is equal to that of the algorithm (such as SVD) for solving covariance matrix, which is O(n 3 ) (n is the dimension of covariance matrix), which is more time-consuming than GA-based methods, especially when dealing with high-dimensional problems. However, it can get a better solution than GA based algorithm. According to the analysis in Section II, the problem dimension of subsidy strategy will not exceed 1440 (24 hours * 60 min/hour = 1440), even if the cost strategy changes every minute. In that case, since our task is to reduce costs, a better solution is more important than time-consuming of the algorithm. Therefore, in the scenario of this paper, we finally adopt the CMAES based algorithm to obtain the final strategy.
V. CONCLUSION
In this paper, we introduced a demand-side optimization of a battery-swapping cost model for EVs using a Covariance Matrix Adaption Evolution Strategy (CMAES) based algorithm. The goal is to maximize the charging service capacity while minimizing the total cost. Design of the battery-swapping cost model is based on the study of EV development situation of China includes travel distribution pattern, charging demand and users' response to the government subsidy policies. The model includes a battery demand model, a demand response (DR) based subsidy cost model and a charging cost model. To deal with that kind of multi-objective high dimension problem, we adopt a covariance matrix adaption based evolutionary strategy to cover the needs of the government, electricity consumers and EV battery service providers and get an optimized solution. We evaluated the effectiveness of the proposed method. The result confirms that the peak demand of battery swapping service can be reduced effectively. Furthermore, the standard deviation of the proposed CMAES based algorithm is much smaller than the GA based algorithm which means it can obtain more stable optimized solutions. Experiment results shows that the total cost can be reduced by nearly 12% with our optimized subsidy strategy. For future work, we plan to extend the proposed method to more complex multi-objective optimization scenarios and to achieve real-time performance by leveraging advanced evolutionary algorithms such as modified NSGA-III or MOEA/D etc.
